Abstract A MATLAB Ò toolbox was developed for applying the logistic modeling approach to mammalian cell batch and fed-batch cultures. The programs in the toolbox encompass sensitivity analyses and simulations of the logistic equations in addition to cell specific rate estimation. The toolbox was first used to generate time courses of the sensitivity equations for characterizing the relationship between the logistic variable and the model parameters. Subsequently, the toolbox was used to describe CHO cell data from batch and fed-batch mammalian cell cultures. Cell density, product, glucose, lactate, glutamine, and ammonia data were analyzed for the batch culture while fedbatch analysis included cell density and product concentration. In all instances, experimental data were well described by the logistic equations and the resulting specific rate profiles were representative of the underlying cell physiology. The 6-variable batch culture data set was also used to compare the logistic specific rates with those from polynomial fitting and discrete derivative methods. The polynomial specific rates grossly misrepresented cell behavior in the initial and final stages of culture while those based on discrete derivatives had high variability due to computational artifacts. The utility of logistic specific rates to guide process development activities was demonstrated using specific protein productivity versus growth rate trajectories for the 3 cultures examined in this study. Overall, the computer programs developed in this study enable rapid and robust analysis of data from mammalian cell batch and fed-batch cultures which can help process development and metabolic flux estimation.
Introduction
Biopharmaceuticals are therapeutics derived from biotechnology and are increasingly becoming a substantial component of the overall therapeutic landscape (Aggarwal 2007) . Mammalian cells continue to be the organism of choice for producing complex biopharmaceuticals because of their ability to perform the desired post translational modifications that are essential for in vivo efficacy (Chu and Robinson 2001) . Among the various classes of biopharmaceuticals, monoclonal antibodies are the dominant segment covering a broad range of medical indications and this trends expected to continue in the future (Kozlowski and Swann 2006; Reichert 2009 ). Fed-batch cultivation remains the method of choice for monoclonal antibody production given its operational simplicity. Stability of the product under culture conditions of elevated temperature, typically 37°C, is a prerequisite for fed-batch operation and this is true for most monoclonal antibodies. The perfusion mode of cultivation is typically limited to unstable products that are not amenable to fed-batch cultivation (Chuppa et al. 1997; Goudar et al. 2007; Trampler et al. 1994) .
The typical duration of a mammalian cell fed-batch culture is 12-16 days with starting cell densities in the 0.2-1.0 9 10 6 cells/mL range resulting in peak cell densities between 10 and 30 9 10 6 cells/mL. During the initial growth phase, cell viabilities are typically [97% and these values decline towards the end of the culture due to nutrient depletion. A combination of a well designed cell culture medium and robust feeding strategies is essential to maximize protein production and more importantly, to ensure correct and consistent post-translational modifications.
While mechanistic models such as the Monod equation are widely used to describe the dynamics of bacterial cell growth, such an approach is not directly applicable to mammalian cell culture given the complex interaction between multiple nutrients and metabolites. While theoretically feasible, it complicates practical application because a large number of kinetic parameters must be estimated using nonlinear optimization (Pörtner and Schäfer 1996; Tziampazis and Sambanis 1994) . For mammalian cell cultures, it is generally accepted that cell specific rates for growth, metabolism, and protein production provide adequate quantitative characterization rather than complex kinetic models. In addition, cell specific rates are inputs for metabolic flux analysis (Stephanopoulos 2002) which further enhances the information content in the experimentally measured data set.
Computing cell specific rates in mammalian cell batch and fed-batch cultures essentially reduces to estimating derivatives of prime variables such as cell density, glucose, lactate, glutamine, ammonia, and product concentration. While the discrete derivative approach has perhaps been most commonly used because of simplicity, the resulting specific rates are very sensitive to measurement errors. Hence, polynomial fitting has been suggested as a more robust alternative (Linz et al. 1997; Ljumggren and Hägg-ström 1994) . The relative merits and shortcomings of these specific rate estimation approaches have been discussed before and analysis of data from multiple laboratories that spanned multiple cell lines and bioreactor types and sizes indicated that the logistic modeling approach was the most robust for estimating specific rates for mammalian cell batch and fed-batch cultures (Goudar et al. 2005) . Only 3 or 4-parameter logistic models are necessary to fully describe the dynamics of nutrient consumption/product formation and cell growth in mammalian cell cultures and most of the model parameters can be related to biological attributes. This simplicity, coupled with their analytical differentiability, make the logistic models especially suited for specific rate estimation from batch and fed-batch culture data.
The objective of this study was to develop computer programs for robust specific rate estimation from mammalian cell batch and fed-batch cultures using logistic equations. Specifically, a MATLAB Ò toolbox was developed, which in addition to specific rate computation, also has the capability of sensitivity analysis and a priori simulations of variable time courses which can guide process development activities.
Theory

Batch and fed-batch culture dynamics
The dynamics of mammalian cell growth, metabolite and product formation, and nutrient consumption in batch and fed-batch systems can be described as
where X, P, and N are the viable cell density (VCD), metabolite/product (lactate, ammonia, or recombinant protein of interest), and nutrient (primarily glucose and glutamine) concentrations, respectively, and l, q P , and q N their respective specific rates. It is generally accepted that cell specific rates as described in Eqs. 1-3 adequately characterize the dynamics of cell growth, metabolism, and protein production in mammalian cell batch and fed-batch cultures. Information of the variable (X, P, N) derivatives and the bioreactor cell density are necessary for estimating the specific rates from Eqs. 1-3. Since bioreactor cell density is experimentally measured, only the variable derivatives need to be determined, which given the relatively few experimental data points (typically 7-15), are difficult to compute accurately. Furthermore, sampling and measurement errors are amplified when derivatives are determined discretely using two consecutive experimental data points.
Logistic modeling
Logistic equations have been proposed as a robust alternative for describing viable cell density, metabolite/product, and nutrient concentrations in batch and fed-batch cultures (Goudar et al. 2005 )
where X, P, and N are nonlinear functions of parameters a 1 -a 4 , b 1 -b 3 , and c 1 -c 3 , respectively, and t is time. Setting a 3 e Àa 4 t ¼ 0 in Eq. 1 results in an exponential decline equation, X ¼ a 1 e Àa 2 t , while setting e a 2 t ¼ 0 results in an exponential growth equation, X ¼ a 1 e a 4 t =a 3 . It is thus clear from these limiting case exponential expressions that parameters a 2 and a 4 are analogous to the maximum death (kd max ) and growth (l max ) rates, respectively. In addition, by setting t = 0, a relationship between the initial cell density, X 0 , and parameters a 1 and a 3 can be derived as
Another important attribute of a culture is the time required to reach the maximum cell density, t max , which can be derived by setting dX/dt = 0
Setting dP/dt = 0 results in b 1 = P max , the maximum product concentration. Parameter b 3 is analogous to a rate constant (non cell-specific) for product concentration increase while a direct interpretation of parameter b 2 is not possible ( 
This is important because specific rate estimation from Eqs. 1-3 requires information on X (experimentally measured) and the derivatives of X, P, and N. Since analytical expressions for these derivatives are available, there is no error introduced during derivative estimation resulting in robust specific rate estimates. Thus specific rate estimation using the logistic equations first involves estimating parameters a 1 -a 4 , b 1 -b 3 , and c 1 -c 3 , by fitting experimental data to Eqs. 4-6 by nonlinear least squares, followed by derivative estimations from Eqs. 9-11. Once the derivatives for X, P, and N are known, the specific rates are determined from Eqs. 1-3. Because X, P, and N in Eqs. 4-6 are nonlinear functions of the model parameters, initial estimates must be determined for use as starting points in nonlinear parameter estimation. This is typically done by a linear transformation of the nonlinear model and setting a 3 e Àa 4 t ¼ 0 in Eq. 4 results in an exponential decline equation, X ¼ a 1 e Àa 2 t , while setting e a 2 t ¼ 0 results in an exponential growth equation, X ¼ a 1 e a 4 t =a 3 , both of which can be respectively linearized as
Initial estimates of a 1 and a 2 can be obtained by fitting X versus t data from the declining phase to Eq. 12 and those for a 3 and a 4 by fitting data from the increasing phase to Eq. 13. Setting dP/dt = 0 in Eq. 5 results in P max (which can be determined from experimental data) as an initial estimate for b 1 while those for b 2 and Cytotechnology (2012) 64:465-475 467 b 3 can be obtained from the following lineariziation of Eq. 5
For Eq. 6, setting dN/dt = 0 results in N max ¼ c 1 =c 3 and because N max can be determined from experimental data, initial estimates for c 1 -c 3 can be obtained from the following lineariziation of Eq. 6
Logistic modeling of experimental data is thus initiated by obtaining initial estimates of a 1 -a 4 , b 1 -b 3 , and c 1 -c 3 , from Eqs. 12-15 followed by refinement of parameter estimates by nonlinear least squares.
Sensitivity analysis
In order to effectively use Eqs. 4-6 for analyzing data from batch and fed-batch cultures and also for a priori simulations, a good understanding of the dependence of X, P and N on a 1 -a 4 , b 1 -b 3 , and c 1 -c 3 , respectively, is necessary. Sensitivity equations for X can be derived as
and those for the product concentration which describe the dependence of P on b 1 -b 3 are as follows
Similarly, the sensitivity equations for nutrient concentration can be derived as
Analysis of Eqs. 16-18 provides useful insights into the relationships between X, P, and N and their associated parameters.
Materials and methods
Sources of experimental data
Data from mammalian cell batch and fed-batch cultures were used as representative data sets for logistic modeling. The batch data set was from therapeutic protein producing CHO cells cultivated in a 10 L bioreactor and experimental details have been presented earlier (Goudar et al. 2005) . Data on viable cell density, product, glucose, lactate, glutamine, and ammonia concentrations were monitored over the course of the cultivation. For fed-batch evaluation, viable cell density and product concentration data from two previously-published industrial cultures were used for analysis. They included a CHO culture expressing human IgG1 MAb 4A1 at a final concentration of 4.1 g/L in a 2 L bioreactor (Combs et al. 2011 ) and a nonglycosylated human monoclonal antibody producing CHO cell line in a 5 L fed-batch bioreactor with a high final product concentration of 9.8 g/L (Huang et al. 2010) . While the evaluation of logistic modeling in this study is limited to the above three experiments, the approach has general applicability for mammalian cell batch and fed-batch cultures.
Computer programs
All computations were performed in MATLAB Ò (Mathworks, Natick, MA) and a listing of the computer programs is shown in Table 1 . Fitting of experimental data to Eqs. 4-6 is performed using programs x_fit, p_fit, and n_fit, respectively, which use Eqs. 12-15 for initial parameter estimation followed by nonlinear least squares using the function fminsearch which uses the Simplex method (Nelder and Mead 1965) for minimizing the error between experimental data and the logistic model fit. Inputs to these programs include experimental data and the outputs include parameter estimates, plots of experimental data and model fit, and specific rate time courses. The sensitivity equations as defined in Eqs. 16-18 can be generated using programs x_Sen-sitivityEquations, p_SensitivityEquations, and n_Sen-sitivityEquations, respectively.
Results and discussion
Sensitivity analysis
The sensitivity curves as defined by Eqs. 16-18 are shown in Fig. 1 for a 1 -a 4 values of 100 9 10 6 cells/ mL, 0.15 day -1 , 100, and 0.5 day -1 , b 1 -b 3 values of 10 g/L, 100, and 0.5 day -1 and c 1 -c 3 values of 100 g/ L, 0.5 day -1 , and 10, respectively. Multiplicative factors for the sensitivity curves are also included in Fig. 1 to compare sensitivity magnitudes among the model parameters. In Fig. 1a , a 1 and a 4 are positively correlated with X and their sensitivity curves are not proportional. Similar non-proportional sensitivity curves are seen for a 2 and a 3 which correlate negatively with X. This lack of proportionality is an indication of non-correlated model parameters (Robinson 1985) and is desirable because it increases the robustness of nonlinear parameter estimation. Also the magnitude of dX/da 2 was the highest followed by dX/ da 4 while those for dX/da 1 and dX/da 3 were 2 and 3 orders of magnitudes lower, respectively, than those for dX/da 2 and dX/da 4 . Clearly, small changes in a 2 and a 4 have a large impact on X while this is not the case for a 1 and a 3 .
Sensitivity curves for P are shown in Fig. 1b where parameter b 3 has the most impact followed by b 1 while b 2 has the least impact. This lack of sensitivity for b 2 suggests that robust estimation of b 2 may not be possible during nonlinear parameter estimation. Also, the non-proportional sensitivity curves in Fig. 1b should facilitate unique estimation of b 1 -b 3 . Figure 1c shows the sensitivity curves for N where c 2 has the most impact. As in Fig. 1a , b, the lack of strong proportional trends for the sensitivity curves in Fig. 1c suggests that correlation between c 1 -c 3 is not severe. However, lower sensitivity for parameter c 1 (also a 3 in Fig. 1a and b 2 in Fig. 1b ) might make its robust estimation difficult.
Overall, the exponential terms in Eqs. 4-6 have the most influence on the time courses of X, P, and N and because they are not severely correlated with other model parameters, unique estimation should be possible. Estimates of a 3 , b 2 and c 1 are likely to be associated with higher uncertainties and their values must be interpreted with caution, especially in the context of comparing data from multiple experiments. Figure 1 can be reproduced for any desired a 1 -a 4 , b 1 -b 3 , and c 1 -c 3 values using programs x_SensitivityE-quations, p_SensitivityEquations, and n_SensitivityE-quations in the logistic modeling toolbox. 
Analysis of batch bioreactor data
Time profiles of 6 cell culture variables related to cell growth, metabolism, and protein production are shown in Fig. 2a -f along with fits from the logistic equations and the associated specific rates. Eq. 4 was used to fit the cell density data (Fig. 6a) while product, lactate, and ammonia concentrations were described by Eq. 5 and glucose and glutamine concentrations by Eq. 6. In all 6 instances, experimental data were well described by the logistic equations resulting in smooth profiles for the associated specific rates clearly indicating the robustness of the logistic approach to describe mammalian cell batch culture data.
The highest growth rates were seen in the first 4 days of culture (Fig. 2a) and were also associated with the highest rates of glucose consumption and lactate production (Fig. 2c, d ). Specific productivity exhibited an initial increasing trend, reaching a peak value around day 4 and subsequently declined over the course of the culture (Fig. 2b) . Glutamine consumption and ammonia production rates were also the highest at the beginning of the culture and steadily decreased with time (Fig. 2e, f) . Overall, strong growth associated trends, both for cell metabolism and protein production, were seen in Fig. 2 .
Analysis of fed-batch bioreactor data
Time profiles of viable cell density and product concentration for the two CHO cell fed-batch cultures are shown in Figs. 3 and 4 . The viable cell density data were fit to Eq. 4 while the product concentration data were fit to Eq. 5. In both Figs. 3 and 4, experimental data were well described by the logistic equations resulting in smooth l and q p profiles. Specific growth rates were the highest in the initial stages of the culture followed by a steady decline and eventually levelled off to a constant death rate that corresponded to declining viable cell density. In Fig. 3b , q p was high from the beginning of the experiment and stayed at these high levels until day 9 when the maximum cell density was reached followed by a sharp decline. In Fig. 4b , an increasing q p trend was seen with a maximum value around day 13 followed by a declining trend.
Logistic parameter estimates (a 1 -a 4 and b 1 -b 3 ) for the data in Figs. 3 and 4 are shown in Table 2 . For both cell density data sets, a 2 and a 4 were almost identical to kd max and l max , respectively, while b 1 values for both product concentration data sets were similar to P max values. Average q p values were estimated from the q p time courses corresponding to the logistic fit and were 36.5 and 33.3 pg/cell-day, respectively. Despite this similarity in q p averages, the final titers in Figs. 3b and 4b were substantially different. The much higher values in Fig. 4b were due to the higher cell density and longer cultivation time (due to lower kd max )
Comparison of the logistic method with discrete derivatives and polynomial fitting methods , and 10 (c) cultures can be well described by the logistic equations. More importantly, the resulting specific rates time courses are logically constrained and provide useful insights into cell physiology. Alternate methods such as discrete derivatives and polynomial fitting have also been used to obtain specific rates and some of their shortcomings have been described before (Goudar et al. 2005) .
A comparison of specific rate time courses obtained from the discrete derivative, polynomial, and logistic modeling approaches is shown in Fig. 5 . In the discrete derivative approach, consecutive data points were used for derivative computation while in the polynomial approach, coefficients from a 4th order polynomial fit to experimental data were used to compute the derivatives analytically. In all instances in Fig. 5 , the polynomial specific rates grossly misrepresented cell behavior in the initial portion. For instance, the growth rate estimate from the polynomial fit at t = 0 was -0.93 day -1 (Fig. 5a ), clearly a computational artifact and not reflective of cell physiology (positive values are expected since cells divide rapidly in the growth phase). This initial negative value was followed by a rapid increase up to day 3, and between days 3-10, the growth rate estimates from the polynomial and logistic fits were quite similar. Between days 10-12, an increasing trend for the polynomial fit growth rate was seen, again inconsistent with cell physiology towards the end of a fed-batch culture where a constant negative value is expected.
These non-representative polynomial fit growth rate estimates for days 0-3 and 10-12 in Fig. 5a are computational artifacts because the polynomial fit is not confined to the monotonic trends seen in experimental data. The logistic approach does not have this limitation because its underlying structure imposes constraints on the fits and the resulting specific rates. While growth rate estimates from the discrete derivative approach did not grossly misrepresent cell behavior, their time course was characterized by multiple upward and downward trends (Fig. 5a ) which were clearly computational artifacts. Only the logistic growth rates in Fig. 5a were characterized by the initial constant high growth rate phase followed by a steady decline and ultimately a plateau at negative values, consistent with cell behavior in a batch system. Similar to growth rate, non-representative polynomial fit specific rates in the early and late portions were seen in Figs. 5b-f. Specific rates at t = 0 were Fig. 2 Experimental data (points) and logistic fits (solid lines) for cell density, product, nutrient, and metabolite concentrations for CHO cells in batch culture. Specific rates estimated from the logistic fits are shown as dashed lines negative for product, glucose, and lactate concentrations, misrepresenting the culture dynamics. For all variables in Fig. 5 , an initial increasing followed by decreasing trend over days 1-3 was seen for all specific rates after which both the polynomial and logistic fit specific rates were consistent until day 10 of the culture. For days 10-12, non-representative specific rates were seen for the polynomial fits, a clear illustration of the disconnect between the polynomial modeling aproach and cell physiology. Specific rates from the discrete derivatives were in general closer to the logistic ones in Figs. 5b-f but a high degree of variability between successive data points was seen with the exception of lactate (Fig. 5d) and glutamine (Fig. 5e) . Furthermore, this variability is visually underrepresented in Fig. 5 because the y-axis scale accommodates the large variability in the polynomial fit specific rate data. The Fig. 5 data are a clear indication of the superiority of the logistic approach for obtaining representative specific rates from mammalian cell batch cultures.
Specific rate time courses
Figures 2, 3, 4, and 5 have indicated that the logistic equations result in specific rate estimates whose time profiles are robust representations of the underlying cell physiology. This information can be used to guide process development activities and as an illustration, specific productivity versus growth rate plots as a function of time are shown in Fig. 6 for all the three experiments analyzed in this study. The strongest association between q p and l was seen in Fig. 6a where higher q p values were seen early in the culture where l values were high. Subsequent q p decline over the course of the culture was linearly correlated with l and both quantities had the lowest value at the end of the culture. In contrast, Fig. 6b had a relatively flat q p profile through both the initial high and subsequent declining l phases and a q p reduction was seen only in the death phase of the culture. With the exception of the initial culture phase (up to 4 h) an inverse correlation between growth and productivity was seen Fig. 3 Experimental data (points) and logistic fits (solid lines) for cell density and product concentration data from human IgG1 MAb 4A1 producing CHO cells in a 2L fed-batch bioreactor (Combs et al. 2011) . Specific rates estimated from the logistic fits are shown as dashed lines Fig. 4 Experimental data (points) and logistic fits (solid lines) for cell density and product concentration data for CHO cells producing a nonglycosylated human monoclonal antibody in a 5L fed-batch bioreactor (Huang et al. 2010) . Specific rates estimated from the logistic fits are shown as dashed lines in Fig. 6c up to the onset of the death phase. Similar to Fig. 6b , a rapid q p decline was seen in the death phase of the culture.
Given the diversity of q p versus l correlations in Fig. 6 (positive in Fig. 6a , no correlation in Fig. 6b and negative in Fig. 6c ) different process development approaches are necessary for process optimization. For instance, facilitating rapid cell growth to the highest possible density (through cell culture medium improvements and bioreactor temperature adjustments) can help increase product concentration in Fig. 6a rather than an extension of the culture. In Fig. 6b , an extension of the time required to reach the maximum cell density might be beneficial because this period was associated with high and constant q p values. Extension of the culture beyond 14 days would only offer minimal advantages given the rapidly declining q p and cell density (Fig. 6b) values. For   Fig. 6c , accelerating the progress towards the highest cell density could prove beneficial given the increasing q p trend associated with cell density increase. The most benefit appears to be from maintaining the culture at the highest cell densities for the longest possible duration since that period was associated with the highest q p values. Moreover, culture extension beyond 18 days could also help increase product concentration as long as there was no adverse impact on product quality. Overall, the Fig. 6 data are one of many illustrations of how biologically representative specific rate estimates from logistic modeling can be used for bioprocess optimization. Such an analysis is not possible from the polynomial fit specific rates given their inaccuracy in the initial and final culture phases (Fig. 5 ). This limitation is also associated with discrete derivative specific rates given their high variability. The Fig. 6 analysis can also be extended to nutrient and metabolite specific rates for additional insights into optimizing nutrient feeding strategies. In addition, specific rates are inputs for metabolic flux analysis and given the error propagation from specific rates into metabolic fluxes (Goudar et al. 2009 ), the logistic specific rates offer a robust input data set for accurate metabolic flux estimation in mammalian cell batch and fed-batch cultures.
Conclusions
The logistic framework was used to describe experimental data from mammalian cell batch and fed-batch cultures. In all cases, experimental data were well described by the computer programs developed in this study. The resulting specific rate trends were constrained and representative of cell behavior over the entire course of the culture. Specific rate time courses from polynomial fitting, however, misrepresented cell physiology in the initial and final stages of the culture despite good polynomial fits to experimental data while those estimated using discrete derivatives were characterized by high variability due to computational artifacts. These observations highlight the robustness of the logistic approach for modeling data from mammalian cell batch and fed-batch experiments. The computer programs developed in this study allow rapid specific rate estimation which can guide bioprocess development activities and also enable robust 
